Abstract
Introduction
Atrial fibrillation (AF) is the most common type of sustained arrhythmia with a very complex behavior and a high incidence rate compared to other cardiac arrhythmias. Thereby, developing methods for the early detection of patients at risk of AF, i.e. patients prone to develop AF in the near future, from ECG recordings is of clinical importance. Atrial fibrillation is a reentrant rhythm and atrial conduction delay is an important precondition for reentrant activity. Previous studies have shown that P-wave duration reflects abnormal conduction in the atria and consequently P-wave indices such as the maximum duration, dispersion, area or axis, have been used to identify patients with an increased risk of AF development [1, 2] .
Many other studies have pointed out that the addition of the P-wave morphological analysis, to the traditional time-domain P-wave indices, may help in identifying patients prone to develop AF. The morphological variability of the P-wave has been efficiently used for early prediction of paroxysmal AF (PAF) events [3] [4] . Prediction of the PAF onset by the analysis of RR-intervals in ECG segments distant from the PAF event has been also addressed in several studies [5] [6] [7] .
This study aims to investigate whether electrographic P-wave characteristics and heart rate variability (HRV) features, extracted from a single lead ECG recorded during sinus rhythm, are able to discriminate between subjects with a documented history of PAF and individuals with no history of AF.
Methods

Data
This study consisted of 76 consecutive patients with no overt cardiac abnormalities divided into two groups: the study group including 36 patients with a history of AF (59 ± 9 years, 29 male) and the control group including 40 patients (54 ± 10 years, 20 male) without any history of AF. Overall, the two groups did not present significant differences in terms of clinical characteristics except for the body mass index that was significantly higher for the patients with AF history when compared to the patients without a history of AF (29±4.6 kg/m2 vs. 26.4±3.8 kg/m2, p<0.01). 
Signal processing and P-wave extraction
The recorded 12-lead ECGs lasted 5 minutes and were acquired in sinus rhythm at a sampling frequency of 1 KHz. In what follows, only the lead II was considered as it exhibits the highest P-wave amplitude. From each ECG signal, QRS complexes were detected after correction of the baseline by two consecutive median filters. The high-frequency noise and the power line interferences were also removed by a five-order lowpass Butterworth filter with a cutoff frequency of 40 Hz. A search window preceding each detected R-wave was created to identify the P-wave (the width and position of the search window were fixed for all beats, but dependent on the subject). The onsets and offsets of the P-waves were obtained using the first-and second-derivative approximations of the ECG signal. Premature beats were removed from analysis.
P-wave and heart rate variability features
In addition to the traditional electrocardiographic characteristics (P-wave duration, PR-interval), we computed the beat-to-beat Euclidean distance between Pwaves as a measure of P-wave morphological variability over time. Note that, the Euclidean distance between beatto-beat P-waves was already efficiently used in our group to compare ECG segments from healthy individuals with that of patients subject to paroxysmal AF selected for catheter ablation [8] .
P-wave duration was computed as the difference between the offset and the onset of the P-wave. PRinterval was defined as the interval between the P-wave onset and the onset of the QRS complex. After a resynchronization of P-waves with regard to their centers of gravity, the beat-to-beat Euclidean distance was computed as:
, for = 1,2, , 1
} represents the i P-wave (N being its total length in samples) and L is the number of P-waves extracted from the lead II of one subject. It is noteworthy that the assessment of P-wave morphological variability, using Euclidean distance, is carried out without any a prior assumption about the Pwave pattern/template [4, 9] . Figure 1 shows a representative example of beat-tobeat Euclidean distance estimation for a healthy subject (top) and for a patient with AF history (bottom), respectively. P-wave morphological variability over time was quantified using the mean and the standard deviation of beat-to-beat Euclidean distance. Figure 1 . Beat-to-beat Euclidean distance between extracted P-waves for a heathy subject (a) and a patient with history of AF (b). Mean and standard deviation of the beat-to-beat Euclidean distance are also indicated.
Alongside P-wave features, we aimed at examining more high-level heart rate variability (HRV) features in order to find out if they were capable of separating the two population of our study. To this end, R-waves were extracted from the ECG, ectopic beats were removed, and normal-to-normal beat intervals (NNI) were extracted. Afterwards, time-domain, frequency domain and nonlinear HRV indices were extracted. Table 2 reports HRV features extracted for our analysis. Comprehensive information about these features can be found in [10] [11] [12] . 
Statistical analysis
All values were expressed as a mean ± standard deviation. The statistical comparison between the two groups was performed by using the Mann-Whitney U test for unpaired data. Results were considered to be statistically significant at p<0.01. The discriminative capability of the extracted features was assessed using correlation-based feature selection [13] . Individual predictive ability of each feature together with the correlation between features were used to select the best subset of features.
With the most powerful features selected, the global classification accuracy, defined as number of patients correctly classified between the two population, was obtained using classification trees. Finally, in order to assess the robustness and to generalize the performance of the created classifier, a 10-fold cross-validation approach was used. More specifically, the database was randomly divided into 10 subsets, with subsets roughly having the same sizes. Each subset was used as a test set while the classifier was trained on the remaining subsets. Finally, the overall accuracy of the classifier was obtained as the average of all trained classifiers.
Results
Individual feature performance analysis showed the most representative features for the two populations to be the P-wave duration, mean and standard deviation of the beat-to-beat Euclidean distance, and sample entropy of the NNI (Figure 2 ; mean and standard deviation of each feature are also indicated).
The patients with a history of AF presented significantly longer P-wave duration (125±18 ms vs 110±8 ms, p<0.001) and higher mean and standard variation of the beat-to-beat Euclidean distance (higher variability of P-wave morphology over time) when compared to the control group.
On the other hand, HRV analysis showed that patients with a history of AF presented lower sample entropy compared to patients without previous AF history (2.4±0.59 vs 3.0±0.67, p<0.001). In other words, RRintervals presented lower complexity in subjects with a history of AF.
The classification between patients with a documented AF and healthy subjects was performed on P-wave duration, beat-to-beat Euclidean distance, sample entropy, and a combination between these features. The numerical results are reported in Table 3 . Table 3 . Classification results.
F1: P-wave duration. F2: Standard deviation of beat-to-beat Euclidean Distance. F3: Sample Entropy.
The numerical results showed that the P-wave duration presented limited ability to detect the altered atrial conduction in patients with documented AF, using ECG segments distal from the paroxysmal AF event. The accuracy (the ratio between the correctly classified subjects and the total number of analyzed patients) was 76%. 121 ms was found as the optimal threshold (53% sensitivity and 95% specificity) for the P-wave duration above which patients presented an increased risk of AF. With regard to the classification performance using the Pwave morphological time-changes, standard deviation of the beat-to-beat Euclidean distance presented a global accuracy of 70%, but with a low sensitivity. In addition, RR-intervals variability provided good ability to identify patients at risk of AF development, but in contrast showed a low specificity.
In a multivariate classification analysis based on P-wave duration, standard deviation of beat-to-beat Euclidean distance and sample entropy, the global F1  55%  95%  76%   F2  41%  95%  70%   F3  63%  75%  70%   F1 + F2  61%  92%  78%   F1 + F3  63%  92%  78%  F1 + F2 + F3  81%  92%  86% accuracy was 86%, with sensitivity and specificity equal to 81% and 92%, respectively.
Conclusion
The present study showed that combination of different electrocardiographic characteristics driven from P-wave and RR-intervals analysis could lead to an effective tool to identify patients at risk of AF. Concretely, the combination of P-wave duration, standard deviation of the beat-to-beat Euclidean distance and sample entropy significantly improved the classification rate into patients without/with AF history as compared to the results based only on individual features. Moreover, our findings are in line with previous statements that P-wave duration could present limited abilities to detect the loss of homogeneity in interatrial contraction and the P-wave morphological variability should be also taken into account.
